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Abstract
Energy consumption by industrial sectors has possessed a large proportion of total energy use in many countries especially
China. For the purposes of energy conservation, the government of China has implemented long-term policies to
continuously assist thermal power industries in improving the energy efficiency. This paper investigates the short- and long-
term causal relationship implied by the standard coal consumption per unit product of power (SCC), the rate of electricity
consumption of power plant (EC), the total water consumption per unit product of power generation (WC) and the total
oil consumption per year (OC). The result indicates that there is mutual influence among variables. The SCC is significantly
correlated with the EC, a large amount of EC may impact SCC heavily. The OC is proved to be a new driving factor, and it
has long-run equilibrium relationship with other three variables.
© 2014 The Authors. Published by Elsevier Ltd.
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1. Introduction
Over the past decade, concern over reducing energy consumption in China has focused attention on energy
efficiency evaluation of high energy-consuming industries, especially thermal power industry. Energy
efficiency indicators (EEI) relate the energy use and production activity. Monitoring the development in energy
efficiency of thermal power plants is necessary not only for saving energy but also in order to check whether
policies to decrease energy consumption have the desired effect. There are many papers on energy markets, and
numerous studies focus on estimating the energy consumption of thermal power industries. However, literature
examining the determinants of energy efficiency from an economic or on prediction angle is rather sparse.
Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) models are widely employed to
estimate volatility of assets, and they show the short-run performance based upon in-sample forecasts [1]. There
are two volatility types: historical volatility and implied volatility, and this paper adopts former one. Historical
volatility approach predicts on the basis of past data, and it basically involve calculating the optimal lag length,
log returns and weighting scheme etc.[2]. The purpose of this paper is to examine the volatility of physical
indicators of thermal power plant via GARCH-type models, in order to evaluate the importance of determinants.
The result of this paper will be further employed to predict short-run energy efficiency of thermal power plants.
© 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
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The reminder of the paper is organized as follows. The following section describes the methodology used.
Section three introduces the data adopted. Section four demonstrates the empirical result of the GARCH-type
models, and analyses the determinants of energy efficiency volatility with physical indicators. Section five is
conclusion.
2. Methodology
It is divided into following three parts. First, it defines the role of impact variables. Second, the
hypothesis would be presented on the basis of variables. Finally, it illustrates the methodology employed in
the study.
2.1 Variables
According to wide practical research, this study adopts following four physical indicators as impact variables.
The main indicators are analyzed, the main measures to explore the energy-saving potential of coal-fired units
would be proposed. First, the standard coal consumption per unit product of power (SCC). It is a comprehensive
indicator to reflect the efficiency and economic benefits of the power generating equipment every year. Second,
the rate of electricity consumption of power plant (EC). It presents the yearly electricity consumption while
plant produces power . Finally, the total water consumption per unit product of power generation (WC) and
the total oil consumption per year (OC). Both indicators are assistant indicators to reflect the total water
consumption and oil consumption while plant produces power every year.
2.2 Hypothesis
The paper assumes there are causal relationships between four impact variables, each variable is positively or
negatively related to others. In other words, the objective of the paper is to investigate the degree of mutual
influence among variables.
2.3 Methodology
Study would describe the trend of volatility of variables first. Then, it employs the Augmented Dickey
Fuller (ADF) unit root test to confirm that the data series are is stationary. This study further employs
descriptive statistics for them. Moreover, study presents correlation matrix of all variables, which is used to
investigate the extent of effect among determinants. Finally, the GARCH (1, 1) model is used to evaluate the
degree of volatility .
2.3.1 GARCH-type models
While the work of ARCH (autoregressive conditionally heteroskedasticity ) models pioneered by Engle [1],
there is a large number of volatility models for precise evaluation [3]. This paper examines GARCH (1,1)
model. It is one of the GARCH (p,q) models, which is presented by Bollerslev in 1986 [3]. Where p is the order
of the moving average ARCH term and q stands for the autoregressive GARCH term [4]. The model equation
is attached in appendix A1. In order to specifically analyse four impact variables of thermal power plants, the
model is extended in appendix A2 in this study .
2.3.2 Other functions
The test of time series is necessary in empirical studies. In order for the classical regression model
to describe the unbiased estimators, the data should be stationary because of the existence of
correlation between variables is good evidence of a causal relationship [4]. This paper applies one of unit
root tests: ADF test, which includes extra lagged terms of the dependent variables for capturing the auto-
correlation. The related equations are in appendix B1.
The Lagrange Multiplier (LM) test framed by Engle is more widely accepted in testing the presence of the
ARCH effect [6]. The LM test is employed for testing whether the coefficients in the regression are
1382   Ming-Jia Li et al. /  Energy Procedia  61 ( 2014 )  1380 – 1388 
zero. The equation is in appendix B2.
3. Data
In this paper, the data set consists of yearly data series of 600MW thermal power plants from national
database [5]. Due to the limitation of data source , the data set runs from January 01, 2010 to Decembe 31,2012,
a time period that covers three years. The sample size totals to 2708 observations based on the yearly data.
4. Empirical Analysis
4.1 Trend of Volatility of four Variables
To understand the trend of variables volatility from 2010 to 2012, this part would investigate the
patterns of four variables. Figure 1 presents the time-series pattern of SCC volatility each year. The total trend
is active, and the means are 310.81 gce/kWh, 313.34 gce/kWh and 312.23 gce/kWh respectively. Figure 2
shows time-series pattern of EC volatility from 2010 to 2012, and the means are increased from 4.89 per cent
(2010) to 5.15 per cent (2011), and then it reaches 5.28 percent (2012). Figure 3 is the trend of WC volatility,
and the means are decreased from 1.06 kg/kWh (2010) to 0.96kg/kWh (2011), finally achieve 0.95 kg/kWh
(2012). Figure 4 shows the pattern of OC volatility, the means are declined from 219.45 kg/kWh (2010) to
158.49 kg/kWh (2011), and further decreased to 155.75 kg/kWh (2012).
Figure 1 Volatility of the SCC, estimated by GARCH (1, 1) Model
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Figure 2 Volatility of EC, estimated by GARCH (1, 1) Model
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Figure 3 Volatility of the WC, estimated by GARCH (1, 1) Model
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Figure 4 Volatility of the OC, estimated by GARCH (1, 1) Model
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4.2 Descriptive Statistics
The descriptive statistics of the volatility of four independent variables (Panel A) and their logarithmic
change (Panel B) are illustrated in Table 1. The result illustrates that SCC and EC have stable fluctuation
basically. The standard deviation of the four variables level series present that changes in SCC is more
fluctuate than others, there are less differences happened in the logarithmic series (Panel B). OC is the most
fluctuant one, it ranged from -10.6019 to 9.6798. WC volatiles a little, which is from -6.2146 to 6.1405.
Table 1 Descriptive Statistics of Variables
Note: full sample of variables are collected from every thermal power plant yearly closing data from January 01,2010 to December 31,2012
4.3 Unit Root Test of Variables
The result of unit root test for SCC,EC,WC AND OC are reported in Table 2. Applying the unit root test
is a pre-condition for the GARCH (1, 1) model to confirm whether variables are stable and suitable to
establish the time series model. The null hypothesis is that there is one unit root in variables. The number of
total observations is 5,475. The following ADF test demonstrates the t-statistics value generated lower than
the critical value, and it means the series data do not has an unit root problem and they are stationary series.
The data can be adopted to do further calculation. Expressing the time series data in natural logs is customary
and useful because the coefficients of the estimated regression are elastic.
Table 2 Unit root test of four variables
Variables
Automatic
Lag Length
ADF Statistic
5% Level of Critical
Value
Inference
lng (SCC) 0 -47.203 -3.417 lnf~I(0)
lng (EC) 0 -45.547 -3.416 lnf~I(0)
lng (WC ) 0 -42.491 -3.417 lnf~I(0)
lng (OC ) 0 -31.762 -3.422 lnf~I(0)
Observation StandardDeviation Skewness Kurtosis Mean Maximum Minimum
Panel A: Levels
SCC 646 11.7948 0.6814 3.0750 312.7748 354.0300 288.2000
EC 650 0.2792 -0.0640 3.5730 0.0024 0.760530 -0.8271
WC 670 7.6944 24.8410 625.9415 1.2712 195.0000 0.0000
OC 672 26.7356 3.1522 17.1591 166.1809 2083.9703 0.0000
Panel B: first logarithmic change
SCC 646 0.0502 -0.1018 3.1622 9.09 -0.1379 0.1351
EC 650 0.2791 -0.0590 3.5499 -0.0004 -0.8271 0.7605
WC 670 1.3896 -0.0357 3.362 0.0015 -6.2146 6.1405
OC 672 3.3527 13.965 12.7961 0.0541 -10.6019 9.6798
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4.4 LM Test
According to previous studies, the classical regression issue of joint hypothesis has to be considered.
Because the study would employ the GARCH (1, 1) model in the following section, this part would choose lag
number at 1 first to test whether the ARCH effect exists. LM test [7] applies the null hypothesis that there
is no serial correlation up to lag order p, where the lag is equal to 1 in this test. It tests for first order serial
correlation. The Obs*R-squared showed in the table provides the Breusch-Godfrey LM test statistics [8]. In
order to achieve whether the null hypothesis is rejected, the LM test statistic (127.461) should be
compared with the critical value of Chi-Squared (1) value. The critical value of Chi-Squared (1) is selected
as 3.84 from the Statistical Table. As 127.461 exceed the critical value 3.84, thus there is no doubt that the null
hypothesis in these two groups can be rejected. Both of these two groups’probability being 0.0003 describe that
it is not correct if the null hypothesis of no serial correlation up to lag order 1 at the 95% confidence level.
Therefore, a significant serial correlation exists between variables.
Table 3 LM Test for ARCH of the Variables
Lags (p) Prob. Chi-square Obs*R-squared
1 0.0003 127.461
4.5 Correlation Matrix
To understand better the relationship among the independent variables, the correlation matrix is
employed to test the results as illustrated in Table 5. The interval of the correlation coefficient could range
between -1.0 and 1.0, and a correlation of 1.0 means two variables are perfect positively correlated with each
other. Generally, the correlation considered quite high when it is over 0.8 [9]. The correlation between SCC and
EC is 0.853, thus it is highly correlated and it means that the volatility of SCC becomes more sensitive to the
EC when the times series level is unstable. WC has a negative relationship with SCC at the level of -0.031,
implying that WC does not impact SCC well. Moreover, OC is positively correlated with SCC, EC and WC,
which means OC may cause small fluctuation of the three variables.
Table 5 Correlation Matrix of the Variables
SCC EC WC OC
SCC 1
EC 0.853 1
WC -0.031 -0.066 1
OC 0.042 0.024 0.199 1
4.6 Fixed Effect Regressive Analysis estimated by the GARCH model
The purpose of this section is to investigate the relationship between four variables, Table 6 summarizes the
results of the ARCH effect estimated by the GARCH (1, 1) model. As shown in Table 6, the most influential
variables of energy efficiency in thermal power plants is SCC and EC. WC is fairly correlated to volatility of
energy efficiency, with an average slope of 0.001. This finding indicates that a large amount of WC may cause
small fluctuation. The influence mechanism of these variables is that they can reduce the uncertainty of
volatility of energy efficiency in thermal power plants over the short term.
Table 6 Relationship Between four Determinants of Variables
Variables Coefficient Standard Error Z-Statistic
SCC 0.478 0.002 0.827
EC 0.015 0.044 -1.755
WC 0.001 0.008 -1.405
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OC 0.0009 0.001 0.382
5. Conclusion
This paper examines the influence of four physical indicators : the standard coal consumption per unit
product of power, the rate of electricity consumption of power plant , the total water consumption per unit
product of power generation and the total oil consumption per year. The GARCH(1,1) model is adopted to
investigate the activities. Conclusions can be summarized as follows. First, there is relationship between four
variables, which is consistent with the hypothesis. The standard coal consumption per unit product of power is
highly correlated with the rate of electricity consumption of power plant. The total oil consumption per year is
considered to be a new driving force affecting fluctuates in energy efficiency. Second, the role of the rate of
electricity consumption of power plant has been verified. This study only focuses on the volatility and
correlation of independent variables in thermal power plants, further research would reveal more applications of
energy efficiency indicators, such as test the efficiency in estimating future energy saving measures.
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Appendix
A1. Traditional GARCH(1,1) model
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where tR is the energy efficiency, itM is the impact variable of the event i, which means equation (1)
presents the mean equation. The coefficients of equation (1) need to satisfy 0,0  ik ba , and 0
c ,
to ensure the conditional variance is positive. th explains the conditional variance of tR , it is also
depend upon the itM . The event of i stands for the time-varying changes of impact variable.
0 , 	 and 1 have to be estimated in the variance to enable the past squared errors to determine the
time-varying conditional variance. i stands for the presence of the asymmetric effect.
A2 The extended GARCH(1,1) model
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where tscc
M , ,,and stands for the standard coal consumption per unit product of power , tecM , is the
rate of electricity consumption of power plant , twc
M , represents the total water consumption per
unit product of power generation and toc
M , is the total oil consumption per year.
B1 Unite root test
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The first equation demonstrates the ADF test with no constant and no trend in the series,
whereas the second one represents the test as having a constant but no trend. The third
equation shows that the test has both a constant and a trend.
B2 LM test
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where q is the number of lags, and  represents the coefficient of correlation.
